Purpose -This paper seeks to present a novel X-ray system and associated image segmentation algorithm for imaging the below-ground root structures of plants. Design/methodology/approach -A matched filter design for segmenting the important root structures from the background clutter in the X-ray images was presented. Findings -The feasibility of root imaging and the applicability of matched filters to this problem domain have been demonstrated. Originality/value -This research offers a novel approach over existing methods for in situ monitoring of root structures through the application of matched filters for image segmentation.
Introduction
The root structures of plants are an unseen part of plant physiology, but the roots play an equally important role as the more visible leaves and stems. To reveal this "hidden half" of the plant, researchers have developed novel methods to peer beneath the opaque soil. One such method involves removing core samples (or the entire root ball) from the ground and washing the soil away (Caldwell and Virginia, 1989) . As an alternative, other researchers have developed rhizotrons, and later mini-rhizotrons, for in situ monitoring of root structures (Taylor et a!., 1990) . These methods are glass-wall techniques where a researcher observes roots at the wall-soil boundary without destroying the growth cycle. Unfortunately, most roots are still not visible since a vast majority of the roots are often not near the glass.
The imaging method proposed in this paper is a significant step beyond both washing and rhizotrons. Figure 1 shows a prototype of our imaging system and the resulting root images. Our approach employs a digital X-ray radiographic device to image the entire root structure in situ. The key to this system is the soil substrate. Conventional soil is not suitable for X-ray imaging since the X-ray absorption by soil constituents is much larger than for roots. Thus, roots are totally occluded by soil in the X-ray images. To overcome this problem, we not only use a low density, low-attenuation substrate that serves as a medium to support the roots but also allows intensity contrast during imaging. Under most conditions, the X-ray imaging system provides suitable contrast such that the roots of the plant are readily discernable where Figure 2 In Figure 2 (b), the red oval shows artifacts where water molecules are pooling in the substrate. The X-ray attenuation of the water is equal to or greater than the roots alone, and thus the water masks the underlying structure of the roots. The green box in the figure emphasizes a different problem, which is that the roots crisscross one another. Again, this situation leads to variability in the X-ray attenuation. The blue arrows in the figure highlight the third problem where the roots have different thicknesses. Finally, the fourth issue is intensity gradients along the lengths of roots. The roots appear to fade in and out due to local variations in the roots themselves, non-uniform densities of the substrate, and changes in orientation geometries of the root. In summary, the images from the proposed root X-ray system can have poor local contrast under certain conditions. The main focus of this paper is to develop an automated image processing algorithm to enhance the root contrasts (e) when these conditions occur and to segment the roots from the background. In the sections that follow, we present the details of these contributions and validate them through experimental results. We further compare our proposed method to a global threshold approach (Chanwimaluang and Fan, 2003 ) and a morphology-based approach (Zana and Klein, 2001 ).
Related work
The X-ray root images have a strong similarity to retinal fundus images, which have received significant attention in medical research. Additionally, the problem of root segmentation is equally similar to the problem of vessel segmentation in these images. The body of literature associated with retinal images has inspired our processing efforts, and as a result, we highlight a portion of the previous work in vessel processing. For a more thorough treatment however, we direct the reader to a recent survey (Kirbas and Quek, 2004) . One of the earliest papers and perhaps the seminal paper in vessel segmentation is Chaudhuri et al. (1989) . This paper defines the vessel problem and develops a matched-filter approach. Chaudhuri er al. emphasize that vessels in retinal images suffer from issues similar to the ones we have outlined for the root segmentation problem. The key to a Zhou et al. (1994) and Hoover et al. (2000) . In this paper, we focus on a profile proposed by Gang et al. (2002) , which extends Chaudhuri et al. (1989) . Gang et al. develop a cross-sectional profile for their matched filter that is a second-order Gaussian. Their work seeks to properly define the filter amplitude such that the filter response reveals insight into the width of the vessel. Thus, their method allows not only the detection of vessels but also their measurement as well. Although we do not directly exploit this width evaluation in this paper, the ability to do so is important to future directions of this work. Gang et al. serve as the foundation for our processing algorithm where our contribution is to extend this paper to the root segmentation problem.
Matched filter design
In this section, we present the processing algorithm to overcome the problem of poor local contrast in the root images. Specifically, we have designed a matched filter inspired by Chaudhuri et al. (1989) and Gang et al. (2002) to segment the root structures from the background noise. We discuss the details of our design below.
Profile validation
The non-uniformity of the substrate and variations in the root structure create a difficult situation to define precisely a model for the cross-sectional profile of a root. So, the alternative is to follow the approach of the retinal literature and to approximate the profile with a model that conforms to the statistical features of the root data. A natural choice is a Gaussian profile:
where x is along the profile, if defines the width of the profile, and A(x) = A o is some constant amplitude. We validate this choice via the observations in Figure 3 . These graphs depict sample profiles of root cross sections from the images in Figure 2 . The profiles are representative of the profiles found throughout the root images that we have collected to date. After fitting a Oraussian, i.e. A o and if in equation (1), the residual fitting error ranges from 5.7 to 9.5 percent of the peak. From our experience, this fit is sufficient to provide useful results, and thus the Gaussian model is suitable for the root images.
Modified amplitude selection
After validating a Gaussian model for the root profile, our next step is to select a matched filter that enhances the "Gaussian-shaped" roots from the background. Chaudhuri et al. (1989) originally suggested a kernel such as a straight Gaussian as in equation (1), but Gang et al. (2002) demonstrate the effectiveness of a modified Gaussian filter to not only enhance the profiles of interest but also minimize the contribution of the background. The modification adjusts the amplitude of g(x) such that A(x) is a function along the profile, i.e. A(x) is not a constant.
Three modifications of the Gaussian amplitude are of interest. The equations below define these candidate methods while Figure 3(c) shows them graphically. The first reflects a second-order differential Gaussian with zero mean:
If we select a representative root (arbitrarily "Profile 1" from Figure 3 (a)), we can see the peak convolution response of equation (2) as a filter for this root in Figure 3 (c) as the "Standard" response curve. This response decays rapidly as a function of widths, if which does not allow discrimination of root widths, and thus is not the best choice for our matched filter. The second modified amplitude is to remove the if scaling:
The response from this amplitude combined with the Gaussian filter appears as the "Normalized" curve in Figure 3 (c). This curve has the opposite effect, which is to increase the filter response with increasing if. Again, this filter amplitude does not allow discrimination of root widths. Finally, Gang et al. (2002) argue that the most suitable amplitude takes the following form:
A(x) =.j27r
S 27Tif 3 . and the subsequent response is the curve "Modified" in the figure. Here, we see the desired response where the curve peaks at a particular filter width, in this case if = 9. This peak closely matches the least-squares fit of a Gaussian to the profile at if = 9.4.
Using equations (1) and (4), we can construct a set of matched filters as in Figure 4 . Here, we only show three orientations, but in practice we use 12 equally spaced across the full 180 0 similar to Chaudhuri et al. (1989) , with the exception that we employ a different fusion scheme. Chaudhuri et al. apply each filter individually and sum the resulting responses. Then they threshold the result to generate a segmentation. Our experience suggests that a better approach is to threshold each individual response first and to then combine these segmentations using binary multiplication.
Finally, we assume a piecewise linear model of the roots, and thus we define a parameter L that specifies the length of the filter. As a result, we have two free parameters that control the matched filter, if and L. We usually set L = 3if as this ties the scale of a "linear" segment to the root width, and we vary if through a range suitable for the root structures of interest. In the results section that follows, we denote the ranges for if per data set.
Results and comparison
The root imaging system consists of plant containers, substrate material, an X-ray generator, a digital X-ray camera, and a set of stages to position the plant in front of the camera. The automated stages enable the creation of mosaic montages whereby a collection of small X-ray radiography images, recall Figure 1 
Note: For visualization, we have exaggerated the filter, <F20 pixels and L = 128 pixels
We begin with the containers and substrate material. The photographs in Figure 1(d) shows examples of the containers. The containers themselves are low-density polymeric foam with various sizes to suit individual plant needs, and the substrates are also a polymeric growth substrate. As the figure shows, nutrients and water arc experimentally controlled through an external delivery system. Next, a functional diagram of the system is shown in Figure l(e) . The X-ray generator is an Oxford Instruments Apogee with a 35 /-Lm full width at half maximum nominal spot size. The generator normally operates at 20 kVp tube potential and 800 /-LA tube current. The X-ray generator emits a fan beam through the plant container and substrate onto an X-ray camera, a Rad-icon Imaging Corporation camera. This camera has a 12 bit gray-level range and consists of two 512 X 1,024 chips butted together resulting in a 1,024 x 1,024 imaging array. The image that the camera collects is essentially a gray level value that is a function of the X-ray attenuation along the X-ray beam path.
The experiments for this paper have focused on two data sets from the X-ray imaging system: maize (Figure 1(b) ) and poplar images (Figure 2(a) ). To these data sets, we have applied our matched filter and compared the results to global thresholding (Chanwimaluang and Fan, 2003) and morphology (Zana and Klein, 2001) .
We begin with the comparison to Zana and Klein (2001) in Figure 5 . In this figure, we compare the intensity responses prior to threshold segmentation. We see that Zana and Klein As a baseline we compare our results to a standard global threshold method (Chanwimaluang and Fan, 2003) in Figure 7 . In this figure, we apply both the threshold and matched filter, and after each one, we perform blob analysis to retain the largest connected component. The assumption is that the largest blob is the main root structure. data and 6.0 < if < 10.0 on the poplar data. Both methods perform well on the simple maize data where the root structures are large and the water globules are small and sparse. The results are quite different for the poplar data. The global threshold method is unable to isolate the fine root structures of the data set. Our matched filter method, on the other hand, is able to segment these smaller roots to a certain degree. The method is not perfect but does perform better than the global threshold. We note that the root structures at the top of Figure 7 (d) are not segmented. These roots are enhanced by the matched filter but because they are not connected to the main root structure within this image frame, the blob analysis of connected components filters these roots.
Conclusions
This paper has introduced X-ray imaging as a novel method for studying the root structures of plants. We have identified root segmentation as an important research topic for this new imaging application, mainly to overcome the local contrast limitations between the roots and water artifacts in the images. The theory and experiments in this paper have demonstrated promising results for a matched filter approach to this segmentation problem. We have additionally compared this method to global thresholding and mathematical morphology methods. The intent here is to introduce root imaging, in general, and root segmentation, in particular, to the image processing community. 
